A comprehensive strategy combining remote sensing and field data can be helpful for more effective agriculture management. Satellite data are suitable for monitoring large areas over time, while LiDAR provides specific and accurate data on height and relief. Both types of data can be used for calibration and validation purposes, avoiding field visits and saving useful resources. In this paper, we propose a process for objective and automated identification of agricultural parcel features based on processing and combining Sentinel-2 data (to sense different types of irrigation patterns) and LiDAR data (to detect landscape elements). The proposed process was validated in several use cases in Spain, yielding high accuracy rates in the identification of irrigated areas and landscape elements. An important application example of the work reported in this paper is the European Union (EU) Common Agriculture Policy (CAP) funds assignment service, which would significantly benefit from a more objective and automated process for the identification of irrigated areas and landscape elements, thereby enabling the possibility for the EU to save significant amounts of money yearly.
Introduction
The sheer amount of open and free satellite data (e.g., made available through the Copernicus program), combined with other types of available data (e.g., LiDAR), has the potential to enhance decision-making processes in a wide variety of Earth observation domains. An example of such a domain is agriculture, where the ability to objectively and automatically identify different types of agricultural features (e.g., irrigation patterns and landscape elements) can lead to more effective agriculture management.
In this context, one important decision-making problem in Europe is the Common Agricultural Policy (CAP) funds assignment to farmers and land owners. CAP's main objectives are to "provide a stable, sustainably produced supply of safe food at affordable prices for consumers, while also ensuring a decent standard of living for 22 million farmers and agricultural workers" [1] . CAP has been the European Union's (EU) most important common policy for the last 50 years and traditionally has taken up a large part of the EU's budget. This is why "The European taxpayer rightly expects that these sums are correctly spent. It is therefore of paramount importance that management and checking systems are in place which give reasonable assurance that the sums are spent properly and that any irregular payments are detected and recovered." [2] . Currently, the assignment of funds is based on several agricultural features/parameters provided by human operators, whose work is mainly concerned with orthophotos, satellite and aerial imagery, and also interested parties such as the
•
Development of a data processing approach combining Sentinel-2 and LiDAR data for objective and automated identification of irrigated areas and landscape elements on agricultural parcels, to assist CAP fund calculation; • Development of a new algorithm for identification of crops irrigation patterns based on Sentinel-2 data;
• Development of a new algorithm for the detection of landscape elements based on LiDAR data.
The rest of this paper is organized as follows. Section 2 provides a brief overview of the overall data processing approach for Sentinel-2 and LiDAR data. Section 3 details the processing methods of Sentinel-2 data (Section 3.1) and of LiDAR data (Section 3.2). Section 4 details the obtained results. Section 5 discusses related works. Section 6 provides discussions and ideas for future works. Finally, Section 7 concludes the paper.
Data Processing Overview
Figure 1 provides an overview of the proposed data processing workflow, illustrating the evolution of the different datasets, their transformations and their integration to generate the final products that can be used for the identification of features on agricultural parcels to be used for CAP funds assignments. The rest of this paper is organized as follows. Section 2 provides a brief overview of the overall data processing approach for Sentinel-2 and LiDAR data. Section 3 details the processing methods of Sentinel-2 data (Section 3.1) and of LiDAR data (Section 3.2). Section 4 details the obtained results. Section 5 discusses related works. Section 6 provides discussions and ideas for future works. Finally, Section 7 concludes the paper.
Figure 1 provides an overview of the proposed data processing workflow, illustrating the evolution of the different datasets, their transformations and their integration to generate the final products that can be used for the identification of features on agricultural parcels to be used for CAP funds assignments. For the purpose of this paper, we consider three different sources that provide freely-available data needed to generate new products to be used in CAP grant assignment. The European Space Agency (ESA) makes available Sentinel-2 files, which are openly accessible [20] at the Sentinels Scientific Data Hub [21] as raster images (JPEG2000). For LiDAR data, we make use of the LiDAR files provided by the Spanish National Geographic Institute (IGN) [22] . Furthermore, we make use of contextualized data that are needed specifically for the task of CAP funds assignments. These include agricultural and environment datasets such as the Land Parcel Identification System (LPIS), Sites of Community Interest (SCIs) or Special Protection Areas (SPAs) for Birds (both being the last constituent parts of NATURA 2000 Network) provided by the Spanish Environment and Agriculture Ministry (MAPAMA) [23] . Based on these datasets, several automatic processes have been developed in order to obtain the final outputs.
Our irrigation type classification algorithm is applied on Sentinel-2 tiles. The tiles are the minimum indivisible partition of a Sentinel-2 product; they are 100 km 2 orthophotos in UTM/WGS84 projection. We begin generating a Normalized Difference Vegetation Index (NDVI) [24] from each available tile (Process 1). Then, the different layers obtained are combined in a monthly Maximum Value Composite (MVC) (Process 2). Following the MVC creation, it is necessary to extract index patterns related to the behavior of specific crops. These data are used to build a decision rule model, which estimates irrigation patterns in LPIS parcels (Process 3). The final irrigation map will show in which season each parcel is irrigated.
On the other hand, the LiDAR algorithm classifies and groups the point cloud by height, obtaining five different rasters (images), which define the main vegetation categories and other land covers (Process 4). Those auxiliary rasters are combined into one single raster, which is topologically processed and vectorized to obtain connected areas as polygons or points (Process 5), which have a direct correspondence with the landscape elements (isolated trees, copses and hedgerows).
Finally, the overlap and intersection of them with cadastral parcels (LPIS) and NATURA 2000 protected sites (SCIs and SPAs) help to generate an accurate ecological value report (Process 6). This ecological value is a score per parcel related to its protected area (under NATURA 2000 Directive), its area occupied by landscape elements and the overlap between both surfaces.
The evaluation of the landscape elements together with the presence/absence of NATURA 2000 protected sites in a specific parcel allows an estimation of the accessibility of CAP payments to farmers, taking into account that those areas become unproductive, and regarding to the cross-compliance principles.
The irrigation maps and the ecological value report will be used for supporting photo interpretation of the agricultural parcels for which CAP aid is requested. The former will help to identify the actual crop within a parcel, while the latter will assist with detecting the presence/absence of areas that have to be mandatorily protected. A physical inspection in the field should be made of all agricultural parcels for which photo interpretation does not make it possible to verify the accuracy of the declaration to the satisfaction of the competent authority.
Materials and Methods

Processing Sentinel-2 Data
Data Processing Overview
The aim of Sentinel-2 data processing is to generate maps of irrigation patterns in crops, with a 10-m pixel size. In order to identify those irrigation patterns, the evolution of the NDVI [25] was used to build a classification algorithm. This model has to be adapted for the predominant crops and agro climatic characteristics of each area.
To begin with, it is necessary to gather all of the available images, with low cloud coverage, all over the span of the agronomic cycles. Once the images are collected, an NDVI is generated for each of them. NDVI is calculated with bands of the red and the Near Infrared (NIR) spectral region, with the following formula [24] :
The Sentinel-2 spectral bands used for the NDVI calculation were Bands 4 (red region) and 8A (near infrared region). The latter has a 20-m pixel size, so it was resampled at 10 m by nearest neighbor interpolation using ERDAS Imagine 2015 software (Hexagon Geospatial). Sentinel-2 provides two spectral bands in the NIR spectral domain, Bands 8 and 8A, the latter selected for its similarity with the Landsat 8 NIR band [26] . This is particularly useful to fill an eventual gap in Sentinel-2A series. No atmospheric correction was applied to the Sentinel-2 bands.
Prior to the application of the algorithm, the NDVI layers generated are combined into an MVC. The pixel values of the MVC layer correspond to the maximum NDVI value per month in order to minimize the cloud and shade coverage.
Once the MVC is created, it is inserted into a classification algorithm as an input feature. This algorithm for irrigation pattern classification is a decision tree algorithm based on the different spectral responses of crops grouped according to their phenological evolution. The decision rules of the algorithm were designed to model the entire time series and can be adapted to the characteristics of the area when spectral signatures are available.
Several studies show that incorporating the variability or range of the NDVI values across seasons delineates irrigated from non-irrigated areas more accurately than maximum NDVI data alone can do [27] . The algorithm classifies the MVC taking into account when the NDVI reaches its maximum values and how high are those values.
According to the date of the maximum value, the crops are classified into "spring", "summer" and "spring-summer" crops. With regard to the maximum NDVI value, the crops are classified into low and high activity crops.
Following this classification, it is necessary to apply a mask to split herbaceous and woody crops. This can be done by using LPIS data. In LPIS, the different parcels are classified into numerous uses according to the species planted, structure of the crop, etc. These uses are not suitable for our classification; therefore, we generated an LPIS mask by grouping together the uses as presented in Table 1 . Studies of agricultural lands have shown that NDVI is a good indicator of irrigation in Spain [29] . A high NDVI value is related to the availability of water; thus, in months with low precipitation, a high activity is only possible by irrigation. However, when the precipitation is higher, the only method to confirm that there is irrigation is using ancillary data. The data chosen for this purpose is the irrigation ratio, which can be found in LPIS. This ratio indicates the percentage of irrigated surface in a given parcel.
Evaluation
The algorithm outlined above was evaluated in two test sites, as depicted in Figure 2 . Test Site 1 (TS1) is located in the northern half of the Iberian Peninsula, in the province of Zaragoza. It is close to the Ebro, one of the most important rivers of Spain. The audited area covers 40 × 40 km 2 , and it is mainly covered by irrigated crops. The whole surveyed area is within the Sentinel-2 tile T30TXM. Test Site 2 (TS2) is in the province of Ciudad Real, in the southern half of the Iberian Peninsula. It covers an area of about 50 × 50 km 2 within the Sentinel-2 tile T30SUJ. This zone has a small surface of regularly-irrigated crops. precipitation, a high activity is only possible by irrigation. However, when the precipitation is higher, the only method to confirm that there is irrigation is using ancillary data. The data chosen for this purpose is the irrigation ratio, which can be found in LPIS. This ratio indicates the percentage of irrigated surface in a given parcel.
The algorithm outlined above was evaluated in two test sites, as depicted in Figure 2 . Test Site 1 (TS1) is located in the northern half of the Iberian Peninsula, in the province of Zaragoza. It is close to the Ebro, one of the most important rivers of Spain. The audited area covers 40 × 40 km 2 , and it is mainly covered by irrigated crops. The whole surveyed area is within the Sentinel-2 tile T30TXM. Test Site 2 (TS2) is in the province of Ciudad Real, in the southern half of the Iberian Peninsula. It covers an area of about 50 × 50 km 2 within the Sentinel-2 tile T30SUJ. This zone has a small surface of regularly-irrigated crops. These areas were chosen because they were audited by the Spanish public administration in 2016; therefore, it is possible to compare the real and automatic generated data. Another advantage of using these test sites is that LPIS data for both areas are freely available. Due to the fact that woody crops are scarce in both areas (see Figures 3 and 4) , only data about herbaceous crops were surveyed. Thus, in the following, we only classify this type of crop.
The dates in which Sentinel-2A took images in the test sites fitting our selection criteria are shown in Table 2 .
In January, there are no available images for the TS2 area (T30SUJ). To solve this issue, the NDVI value of January was generated by interpolation of the values of December and February.
The LPIS masks generated for both test sites are shown in Figures 3 and 4 . These areas were chosen because they were audited by the Spanish public administration in 2016; therefore, it is possible to compare the real and automatic generated data. Another advantage of using these test sites is that LPIS data for both areas are freely available. Due to the fact that woody crops are scarce in both areas (see Figures 3 and 4) , only data about herbaceous crops were surveyed. Thus, in the following, we only classify this type of crop.
The dates in which Sentinel-2A took images in the test sites fitting our selection criteria are shown in Table 2 . In January, there are no available images for the TS2 area (T30SUJ). To solve this issue, the NDVI value of January was generated by interpolation of the values of December and February.
The LPIS masks generated for both test sites are shown in Figures 3 and 4 .
After applying the algorithm, the crops with their highest activity in April and May were classified as spring crops. High activity classes were crossed with the irrigation ratio from LPIS (irrigation ratio greater than 0) to obtain irrigated spring herbaceous crops (Class 2). Everything else is classified as non-irrigated spring herbaceous crops (Class 1).
The crops with a peak of activity in July, August or both were classified as summer herbaceous crops. Due to the fact that both test sites experienced a hot dry summer, these values are only possible by irrigation. Therefore, the LPIS irrigation ratio was not taken into account, and they all are classified only in regards to their vegetative activity. In TS1, they are divided into crops with high (Class 3) and low (Class 4) activity. In TS2, these differences do not exist.
The parcels classified as spring-summer crops have high activity from April-August. The only explanation is that they are irrigated during all of those months; thus, they are classified as irrigated spring-summer herbaceous crops (Class 5). Other crops were grouped into Class 6.
Processing LiDAR Data
Data Processing Overview
The landscape elements in Spain are regulated by the Royal Decree 1078/2014 [30] , which establishes the cross-compliance principles and the funds assignments regarding environmentally-friendly land management requirements. That decree defines the landscape elements as hedges, copses, isolated trees, hedgerows, trees in group, etc., and each year, farmers could get CAP grant assignments to maintain these trees layouts. LiDAR data processing is a powerful tool to identify these elements [31] and contributes to an enhanced assessment of suitability for agricultural grant requests.
The developed LiDAR data-processing algorithm consists of a set of rules that enable automatic identification of landscape elements formed by copses, isolated trees and hedgerows. The analysis was focused on arable lands and woody crop areas considering the following free available datasets: LiDAR files in .las format [32] provided by the Spanish National Geographic Institute; and the Land Parcel Identification System shapefile [33] provided by the Spanish Environment and Agriculture Ministry.
On the other hand, the orthophoto published by the Castilla La Mancha [32] region is involved in the final evaluation phase just for supporting purposes, and it is not processed by the LiDAR algorithm.
Point Cloud Classification
In the first stage, the .las files were processed by classifying the point cloud by height and creating different groups, which have a direct correspondence with the representative vegetation classes in Spain (Table 3 ). The relative height values for each point were obtained via subtraction from the underlying digital terrain model. After that, a new raster layer was created for each vegetation group in Table 3 . The chosen pixel size for these layers was 5 m.
From these five layers, it is possible to generate a single raster with a 5-m pixel size adding different attributes per pixel such as the percentage of soil points, bushes, trees, buildings and water. Finally, these attributes are used to assign the final vegetation class for each pixel in accordance with the predominant category.
Once the final raster is obtained, the next steps consist of the application of different topological rules and spatial analysis in accordance with the parameters defined in the Spanish Law regarding the identification of isolated trees, copses and hedgerows. 
Isolated Trees and Copses
The proposal methodology follows a set of rules in order to identify isolated trees and copses:
• Isolated trees must be areas between 2 and 12 pixels, which imply a surface of 50-300 m 2 .
• Copses must be larger areas with a surface between 12 and 120 pixels, around 300-3000 m 2 .
•
The height of pixels classified as trees must be greater than 3 m or higher than 2 m when their surfaces have more than 20% of points with a height over 3 m.
• Pixels may contact with bush classes; however, when the perimeter of this contact is greater than 25% and contains points over 3 m of altitude, the class will be considered as an isolated tree.
The distance between 2 pixels or a group of pixels must be at least 5 m.
Hedgerows
The initial identification rules considered were similar to the guidelines explained above. However, after a series of tests, the conclusion was that further analysis is required to properly identify these elements. The methodology must include shape index analysis, considering the surface and the perimeters of these trees' areas.
The identification of hedgerows is a complex process. For this reason, the first step is selecting surfaces larger than 3000 m 2 since smaller areas will belong to isolated trees or copses regardless of their shape. Regarding these parameters, hedgerows must have the following characteristics:
• Surface over 3000 m 2 .
• Their surface must have at least 20% of points with a height over 3 m.
•
Their perimeter of contact with the bushes class must be less than 25%.
Their surface divided by their perimeter must be less than 5.
The square root of the previous index must be less than 0.1. The second test site is a cadastral polygon situated in the municipality of Picón in the province of Ciudad Real. It has the same characteristics as the previous one regarding its land covers and 
Evaluation
In order to check whether the generated data are reliable or not, two cadastral polygons situated in Castilla La Mancha (center of Spain) were chosen, as can be seen in Figure 6 . These sites were selected because they have a significant amount of different landscape elements. The first test site is a cadastral polygon situated in the municipality of Tébar in the province of Cuenca. This pilot area has a surface of around 7 km 2 , and its predominant land covers are arable lands and shrub grass plus some small areas with vineyards and fruit trees. This test site was previously selected to identify the landscape elements by photointerpretation, finding a significant number of isolated trees to compare the results between the automatic process and the manual operations. The second test site is a cadastral polygon situated in the municipality of Picón in the province of Ciudad Real. It has the same characteristics as the previous one regarding its land covers and The second test site is a cadastral polygon situated in the municipality of Picón in the province of Ciudad Real. It has the same characteristics as the previous one regarding its land covers and surface; nevertheless, in this test area, the number of photo interpreted areas as copses is significant enough to carry out relevant studies.
Ecological Assessment
The results obtained in the evaluation of LiDAR processing make it possible to perform an ecological assessment of the parcels. The ecological assessment represents an estimation of the area inside of a parcel that has to be mandatorily protected and, therefore, become unproductive under cross-compliance principles and NATURA 2000 Directive. For that purpose, once the mentioned landscape elements are refined and vectorized, they can be evaluated according to other ecologic parameters such as:
• In the LiDAR methodology, protected sites of the NATURA 2000 Network, copses, isolated trees and cadastral parcels were used to design an accurate ecological value report for Spanish crop areas, obtaining the layers protected sites value, landscape elements value and ecological value. They are obtained from the queries in Table 4 . Finally, the proposed LiDAR algorithm allows us to obtain more detailed information per cadastral parcel (land property comes from LPIS) because the landscape value helps to identify which subplot (land use comes from LPIS) has more value per parcel, from the environmental point of view.
On the other hand, from the point of view of CAP payment assignments, the final score coming from the ecological value report helps to make estimations about the economic aids for farmers, considering the areas that became unproductive and the subject of strict protection. In this way, the public administration encourages farmers to maintain these agricultural ecosystems via an economic aid regulated through the CAP requirements.
Results
Irrigation Maps
Sentinel-2 classification for TS1 and TS2 can be observed in Figures 7 and 8 . To validate our results, we used data collected during a field visit in 2016. The accuracies obtained are presented in Table 5 . To validate our results, we used data collected during a field visit in 2016. The accuracies obtained are presented in Table 5 . To validate our results, we used data collected during a field visit in 2016. The accuracies obtained are presented in Table 5 .
The field data in TS2 do not include summer crops since the field visit took place in spring. Moreover, there is a small number of lands for forage (less than 3 ha, which would be included in the group of crops with activity during spring and summer).
The main misclassification was found in grassland areas in TS2, which are inside of the LPIS arable lands mask. They were assigned to non-irrigated spring crops. The algorithm was not created for dealing with grasslands, but with agriculture crops. Theoretically, grasslands should be classified as "others". However, both 'grasslands' and 'others' include a wide range of typologies; therefore, it is not a surprise that they were assigned to non-irrigated spring crops. Some grassland areas have activity in spring, but not in summer, and they are not irrigated. The solution to this classification problem is using ancillary data to have a correct delimitation of the non-agricultural classes. If we include grasslands within non-irrigated spring crops, the overall accuracy of the classification is about 96%. If we consider grassland samples as a misclassification, the overall accuracy drops to 73%. In Figure 9 , we include examples of grassland areas that come from the validation sample (cyan polygons), which in the classification have been assigned either to "non-irrigated spring herbaceous crops with low activity" or to "other crops". The field data in TS2 do not include summer crops since the field visit took place in spring. Moreover, there is a small number of lands for forage (less than 3 ha, which would be included in the group of crops with activity during spring and summer).
The main misclassification was found in grassland areas in TS2, which are inside of the LPIS arable lands mask. They were assigned to non-irrigated spring crops. The algorithm was not created for dealing with grasslands, but with agriculture crops. Theoretically, grasslands should be classified as "others". However, both 'grasslands' and 'others' include a wide range of typologies; therefore, it is not a surprise that they were assigned to non-irrigated spring crops. Some grassland areas have activity in spring, but not in summer, and they are not irrigated. The solution to this classification problem is using ancillary data to have a correct delimitation of the non-agricultural classes.
If we include grasslands within non-irrigated spring crops, the overall accuracy of the classification is about 96%. If we consider grassland samples as a misclassification, the overall accuracy drops to 73%. In Figure 9 , we include examples of grassland areas that come from the validation sample (cyan polygons), which in the classification have been assigned either to "non-irrigated spring herbaceous crops with low activity" or to "other crops". 
Landscape Elements
In the first test site, 248 isolated trees were identified by human operators. Over this total amount, 224 trees were successfully detected through LiDAR processing, which implies an overall accuracy in the classification of isolated trees of about 90.32%. Errors of omission (unidentified isolated trees) are more frequent than errors of commission (identified isolated trees that are not), as can be seen in Table 6 . 
In the first test site, 248 isolated trees were identified by human operators. Over this total amount, 224 trees were successfully detected through LiDAR processing, which implies an overall accuracy in the classification of isolated trees of about 90.32%. Errors of omission (unidentified isolated trees) are more frequent than errors of commission (identified isolated trees that are not), as can be seen in Table 6 . Most of errors of omission were over small trees with canopies smaller than 4 m and, in other cases (Figure 10 ), due to pixels classified, as isolated trees include two trees, and only one of them was identified. Pixels in blue represent woody areas, while green pixels are over scrub coverings. The red arrow points to a missing isolated tree in the classification as a consequence of two pixels that were considered only as one isolated tree. 
In the first test site, 248 isolated trees were identified by human operators. Over this total amount, 224 trees were successfully detected through LiDAR processing, which implies an overall accuracy in the classification of isolated trees of about 90.32%. Errors of omission (unidentified isolated trees) are more frequent than errors of commission (identified isolated trees that are not), as can be seen in Table 6 . Most of errors of omission were over small trees with canopies smaller than 4 m and, in other cases (Figure 10 ), due to pixels classified, as isolated trees include two trees, and only one of them was identified. Pixels in blue represent woody areas, while green pixels are over scrub coverings. The red arrow points to a missing isolated tree in the classification as a consequence of two pixels that were considered only as one isolated tree. Further, the errors of commission were produced over built elements. In the test area, these elements are wind generators, which in some cases were classified as building and in other cases as isolated trees. Further, the errors of commission were produced over built elements. In the test area, these elements are wind generators, which in some cases were classified as building and in other cases as isolated trees.
In TS2, 30 fragments were identified as copses with an average area around 717 m 2 , while LiDAR processing detected 90 features, which cover all photo interpreted areas with a similar average area. In this instance, the overall accuracy in the classification of copses is about 67.48%, and the most common errors were produced due to commission; in other words, there are more pixels incorrectly classified as copses.
However, as shown in Figure 11 , this is due to the square borders of raster data processing, and in other situations, they were mistakes made by the human operators, which demonstrate the subjectivity of the manual process. Photo interpreted copses are represented under red borders and copses coming from the automatic classification are outlined in green. On the left, square and regular edges can be observed below the manual digitalization. On the right, there are some examples of copses identified by automatic classification that were not classified by human operators.
However, as shown in Figure 11 A common point between the automatic classification of isolated trees and copses is that their identification over woody crop areas is not accurate due to the difficulty to differentiate the woody crops (with height between 2 and 3 m) and dispersed trees considered as landscape elements. However, inside woody crop areas with a low density and a smaller size of their canopy, the identification obtains a higher precision, as shown in Figure 12 . On the other side, in the evaluation of the automatic classification of hedgerows, only a few areas were detected, obtaining a percentage of errors due to omission over 75%. These errors are the consequence of two factors that can be observed in Figure 13: • Some hedgerows areas were identified as copses because their size was smaller than 3000 m 2 ; • Other areas were not detected because they were connected with bigger trees surfaces. A common point between the automatic classification of isolated trees and copses is that their identification over woody crop areas is not accurate due to the difficulty to differentiate the woody crops (with height between 2 and 3 m) and dispersed trees considered as landscape elements. However, inside woody crop areas with a low density and a smaller size of their canopy, the identification obtains a higher precision, as shown in Figure 12. incorrectly classified as copses.
However, as shown in Figure 11 , this is due to the square borders of raster data processing, and in other situations, they were mistakes made by the human operators, which demonstrate the subjectivity of the manual process. Photo interpreted copses are represented under red borders and copses coming from the automatic classification are outlined in green. On the left, square and regular edges can be observed below the manual digitalization. On the right, there are some examples of copses identified by automatic classification that were not classified by human operators. A common point between the automatic classification of isolated trees and copses is that their identification over woody crop areas is not accurate due to the difficulty to differentiate the woody crops (with height between 2 and 3 m) and dispersed trees considered as landscape elements. However, inside woody crop areas with a low density and a smaller size of their canopy, the identification obtains a higher precision, as shown in Figure 12 . On the other side, in the evaluation of the automatic classification of hedgerows, only a few areas were detected, obtaining a percentage of errors due to omission over 75%. These errors are the consequence of two factors that can be observed in Figure 13: • Some hedgerows areas were identified as copses because their size was smaller than 3000 m 2 ; • Other areas were not detected because they were connected with bigger trees surfaces. On the other side, in the evaluation of the automatic classification of hedgerows, only a few areas were detected, obtaining a percentage of errors due to omission over 75%. These errors are the consequence of two factors that can be observed in Figure 13: • Some hedgerows areas were identified as copses because their size was smaller than 3000 m 2 ; • Other areas were not detected because they were connected with bigger trees surfaces.
Apart from these limitations, the high percentage of the identification of isolated trees and copses allows a direct upload to the database through the transformation of the original raster layers in vector files. For that purpose, pixels classified as isolated trees were vectorized through their centroid point, and pixels identified as copses were vectorized as polygon features. Figures 14 and 15 show examples of the pixel classification and the identification of isolated trees and copses. Apart from these limitations, the high percentage of the identification of isolated trees and copses allows a direct upload to the database through the transformation of the original raster layers in vector files. For that purpose, pixels classified as isolated trees were vectorized through their centroid point, and pixels identified as copses were vectorized as polygon features. Figures 14 and 15 show examples of the pixel classification and the identification of isolated trees and copses. Apart from these limitations, the high percentage of the identification of isolated trees and copses allows a direct upload to the database through the transformation of the original raster layers in vector files. For that purpose, pixels classified as isolated trees were vectorized through their centroid point, and pixels identified as copses were vectorized as polygon features. Figures 14 and 15 show examples of the pixel classification and the identification of isolated trees and copses. The landscape elements layers can be combined with protected sites data in order to obtain an ecological value report as shown in Figure 16 . The landscape elements layers can be combined with protected sites data in order to obtain an ecological value report as shown in Figure 16 . Figure 15 . Identification of isolated trees and copses. Isolated trees are represented in green color, and copses are in blue areas.
The landscape elements layers can be combined with protected sites data in order to obtain an ecological value report as shown in Figure 16 . 
Related Works
The performance characteristics of Sentinel-2 for crop and forest classification were first analyzed by Immitzer et al. [13] . A species classification was assayed by using 10 Sentinel-2 spectral bands for a single date in a random forest classification. The main disadvantage of this method for our purpose is that multi-temporal analysis has greater potential to define irrigated areas [34] . A random forest classification method could be used for irrigation maps as long as data from different dates is included in the random forest classification.
In our approach, we use NDVI time series for its usability in surrogating vegetation activity [25, 35] . The NDVI properties help mitigate a large part of the variations that result from the overall remote sensing system (radiometric, spectral, calibration, noise, viewing geometry and changing atmospheric conditions) [31] . A large body of literature has researched the usefulness of NDVI for irrigation mapping [36] ; however, previous studies have not dealt with using Sentinel-2 for this purpose. 
In our approach, we use NDVI time series for its usability in surrogating vegetation activity [25, 35] . The NDVI properties help mitigate a large part of the variations that result from the overall remote sensing system (radiometric, spectral, calibration, noise, viewing geometry and changing atmospheric conditions) [31] . A large body of literature has researched the usefulness of NDVI for irrigation mapping [36] ; however, previous studies have not dealt with using Sentinel-2 for this purpose.
There are many experiences with vegetation mapping through LiDAR data [15, 19, 31, 37] , but none of them were applied for the automatic identification of the landscape elements as they are defined in the CAP requirements.
The special report elaborated by European Courts of Auditors "The Land Parcel Identification System: a useful tool to determine the eligibility of agricultural land-but its management could be further improved" [38] says that "one way to mitigate the risk of incorrectly registering eligible area in an LPIS and to achieve more objective results is to develop and apply automatic change-detection tools".
Member States such as Austria and Ireland were giving consideration to a range of such tools for LPIS data interpretation; however, all of them are using satellite imagery; therefore, LiDAR technologies are currently underused. In the case of the Ecological Focus Areas (EFAs) layer, which includes information about the landscape elements, Member States have to register all permanent ecological focus areas in a layer in their LPIS by 2018. However, 26 out of 44 Member States are still beginning to make their first inventories through digitization by human operators. Other regions, such as Scotland (United Kingdom), have not yet digitized any EFAs, or others, such as North Rhine Westphalia (Germany), have not correctly determined the EFA categories and their sizes in all cases, leading to miscalculations, since the coefficients are different for certain elements, such as hedges or field copses, for example.
The Spanish use case for the automatic identification of these elements may be an opportunity to meet the requirements and commitments of the CAP regulations. Likewise, many European countries have started to make their LiDAR data openly available, which may provide an improvement of the data reliability and using innovative techniques, in order to both improve accuracy and reduce administrative costs.
A detailed comparison of methods used in related works would be a fruitful area for further research, as it would help us to establish a greater degree of accuracy on CAP grant assignment.
Discussion and Outlook
In this paper, we proposed a method for processing and integration of multi-sectorial data from several sources into the existing data of the Spanish CAP Payment Agency, a method that can produce better and fairer Common Agriculture Policy (CAP) funds assignments to farmers and land owners. Such a public agency has to trust data submitted by owners or managers (stakeholders) that could be incorrect or inaccurate. Therefore, an unfair grant assignment and expenditure on audits and field visits would be a direct result. However, not only this, but an inaccurate specification of the kind of crop or the surface of the Ecological Focus Areas (EFAs) turns out to be an incorrect grant assignment for farmers.
Accordingly, the use of the external, and usually underused data sources, such as the ones highlighted in Figure 1 , offers a powerful and accurate tool for generating new contrast and validation data for the information used by the Spanish CAP Payment Agency.
As explained in Section 2, the irrigation patterns obtained from Sentinel-2 were successful, as they were able to identify when the crops are irrigated. The high Sentinel-2 revisit time permits the collection of dense time series without important gaps. This characteristic of Sentinel-2 along with its high resolution allowed us to identify agricultural areas with a high accuracy. In terms of directions for future work, it would be interesting to implement new indexes in the crop identification for CAP grant assignment, such as SAVI [25] or NDWI [39] .
Although the method relies on ancillary data available in LPIS, this approach can be used in countries that do not have access to similar data, by splitting herbaceous and woody crops using photo interpreters. However the lack of an irrigation ratio can be a source of uncertainty in areas with high precipitation.
Though there is abundant room for further progress in determining agricultural species with Sentinel-2, more research is required to determine the effectiveness of its spectral capabilities to identify plant species.
In regards to Section 3, the deployment of the LiDAR algorithm has been evaluated by the Spanish public administration as a preliminary step to the photointerpretation in the CAP control tasks. It demonstrated that the provision of the auxiliary layers coming from LiDAR facilitated the work of human operators, making it more effective and objective. Nevertheless, at this stage, the direct loading of the automatic landscape elements layer into the Spanish CAP Payment Agency production environment is not yet possible because its accuracy needs improvement. One disadvantage of LiDAR data availability is its date of coverage. As can be observed in Figure 17 , in some areas, the last flights took place in 2008, while in others in 2014. For this reason, some results in the automatic detection of the landscape elements could not be completely reliable. However, currently, the LiDAR processing has the opportunity to improve its results by Sentinel-2 data, which are frequently updated, and allows checking that each feature has correspondence with vegetation areas [40] . This will make it possible to include a new process in the methodology in order to improve the accuracy in the landscape elements' automatic detection.
On the other hand, the final outputs of LiDAR processing allow one to identify small ecosystems in agricultural environments that can be useful for ecological studies and not only to define the CAP parameters on a specific parcel. Whilst Sentinel-2 data are freely available worldwide, LiDAR data are not in most countries. Even where such data have been acquired, they may only be available at a cost to the user. Nevertheless, the overall LiDAR data processing approach presented in this paper could be reused once data become available. may only be available at a cost to the user. Nevertheless, the overall LiDAR data processing approach presented in this paper could be reused once data become available.
Furthermore, the resulting data from the processing algorithms and case studies reported in this paper are publicly available and can be visualized via the Common Agriculture Policy Funds Assignments Service (CAPAS) viewer [41] and accessed in Linked Data form [42] via SPARQL on the DataGraft platform [43] [44] [45] . 
Conclusions
This study has shown that Sentinel-2 and LiDAR data can be used to generate accurate irrigation maps and ecological value reports. These datasets were generated through automatic algorithms that were analyzed in Spanish test areas yielding the following accuracies:
•
The algorithm for the identification of crops' irrigation patterns based on Sentinel-2 data yielded an overall accuracy over 85% in TS1 and over 95% in TS2; Furthermore, the resulting data from the processing algorithms and case studies reported in this paper are publicly available and can be visualized via the Common Agriculture Policy Funds Assignments Service (CAPAS) viewer [41] and accessed in Linked Data form [42] via SPARQL on the DataGraft platform [43] [44] [45] .
Conclusions
•
The algorithm for the identification of crops' irrigation patterns based on Sentinel-2 data yielded an overall accuracy over 85% in TS1 and over 95% in TS2; • The algorithm for the detection of landscape elements based on LiDAR data yielded an overall accuracy between 90.32% and 67.48% depending on the element to be identified.
The use of Sentinel-2 series and LiDAR can help to detect areas that are not eligible for grant assignment, support cross-check and be used as a tool for choosing field samples. However, today, it is still necessary to use additional data (e.g., very high resolution imagery) and field visits for the right definition of agricultural features. It is expected that the massive use of Sentinel-2 imagery and LiDAR will make CAP management easier and more economically efficient.
